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Abstract 1 
We address the use of accelerometery to automatically monitor lying behaviour in free-farrowing 2 
sows; due to their freedom of movement and the consequent increased variety of movements the 3 
sows are able to exhibit, the challenges in automating this are greater than in sows housed in 4 
movement restricting farrowing environments. The methodology developed was applied to two 5 
salient applications: that of farrowing prediction through detection of nest building activity, and 6 
comparison of maternal lying behaviour in conventional movement-restricting and free-farrowing 7 
systems. Two sensors were attached at both the front and hind end to each of eight periparturient 8 
sows. Movement behaviour was recorded for a period of five days around parturition. Activity 9 
transitions were classified by a Support Vector Machine classifier, using data from both sensors 10 
individually, and combined; classifier output was validated against ground truth annotations 11 
collected from video data. We draw conclusions about the benefits of using multiple sensors over a 12 
 2 
single sensor, as well as the suitability of different sensor locations on the sow. Activity classification 13 
was found to improve through the use of multiple sensors, with a mean 𝐹1 score (a measure of 14 
predictive performance between 0 and 1) of 0.84, compared to use of the front sensor alone (mean 15 
𝐹1= 0.49) and the hind sensor alone (mean 𝐹1= 0.57). Activity transitions were classified using the 16 
dual sensor setup with a mean 𝐹1 score of 0.77. Using a threshold-based approach, taking transition 17 
frequency as an indicator of nesting behaviour, we were able to detect the onset of nest building 18 
with an average latency to farrowing of 11.1 (±4.65) hours, and an average of 1 premature detection 19 
per sow; however, the majority of these premature were in a particular sow. We draw comparisons 20 
between the lying behaviour of free-farrowing and restricted sows. Using a mixed-design ANOVA we 21 
found a main effect of farrowing environment on transition duration (𝑝 = 0.003), peak acceleration 22 
(𝑝 = 0.007) and rate of change in pitch (𝑝 = 0.009). Improving the classification accuracy of sow 23 
activity transitions through the addition of multiple sensors allows for improved performance in 24 
applications such as farrowing prediction, which has the capacity to reduce piglet mortality through 25 
enabling farrowing supervision. Understanding how movement restriction affects the lying 26 
behaviour of farrowing sows has the potential to inform decisions regarding restriction of sows and 27 
development of free-farrowing environments. 28 
1 Introduction 29 
The use of accelerometers to quantify animal behaviour has become widespread over recent years 30 
(Jukan et al., 2016). Studies have been conducted to investigate a range of animal behaviours, from 31 
routine activities such as running and playing in dogs (Ladha et al., 2013), to more specific 32 
behaviours targeted at assessing welfare, such as lameness assessment in cows (Pastell et al., 2009). 33 
Due to their small size and the versatility of the data produced, accelerometers have been found to 34 
be particularly effective at monitoring animal behaviour in large-scale settings (Matheson et al., 35 
2016).  36 
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Automatic quantification of posture and lying behaviour has potential to enhance the welfare and 37 
productivity of various domesticated species. Changes in posture and activity may provide 38 
indications of underlying health and welfare issues (Matthews et al., 2016; Szyszka and Kyriazakis, 39 
2013; Weary et al., 2009). Changes in activity and lying behaviour of pregnant sows can be indicative 40 
of the onset of farrowing, allowing for intervention and supervision, or to identify sows that pose 41 
less risk to their piglets by their lying behaviour (Marchant et al., 2001; Špinka et al., 2000).  42 
Accelerometery that quantifies the behaviour of sows during the farrowing process has used single 43 
sensors on animals (Cornou and Lundbye-Christensen, 2008; Oczak et al., 2015). The use of multiple 44 
sensors to perform activity recognition in sows has been undertaken (Ringgenberg et al., 2010), in 45 
which one sensor was mounted to the back of the sow, as well as one secured to the rear leg of the 46 
animal. The leg worn sensor was targeted at assessing stepping behaviour, and postural assessments 47 
only utilised a single sensor at a time. Prior to the work described in this paper, we also conducted 48 
experiments into the use of accelerometry to quantify maternal  lying behaviour of sows housed in 49 
farrowing crates, using a single accelerometer secured to the hind end of the pig (Thompson et al., 50 
2016).  51 
It is standard practice in pig systems to move a parturient sow to a farrowing crate several days prior 52 
to the expected date of farrowing. This practice improves the survival rates of the piglets (Cronin 53 
and Smith, 1992), however has been shown to increase stress in the sow (Lawrence et al., 1994) and 54 
supress natural maternal behaviour (Damm et al., 2000; Jarvis et al., 2004). Farrowing crates are 55 
designed to restrict the movement of the sow, and as such approaches to automatically classify and 56 
quantify sow behaviours may be relatively straightforward. This restricted repertoire of behaviours 57 
reduces opportunity for misclassification between behaviours and allows for a more simplistic 58 
approach to classification. Despite this simplification, this does not account for the additional 59 
subtlety of movement that may be express by crated sows, given that they are moving under more 60 
tightly constrained conditions. 61 
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On the other hand, alternative free-farrowing systems, such as PigSAFE (Edwards et al., 2012) aim to 62 
optimise welfare and economic performance by allowing increased freedom of movement and 63 
expression of natural behaviour, whilst providing enhanced safety features for new-born piglets. 64 
When allowed free movement, the problem of automated behaviour classification becomes 65 
considerably more complex. Additional behaviour states must be considered and can be expressed 66 
with fewer physical constraints, specifically behaviours that involve movement from one area of the 67 
pen to another. Understanding the differences in sow lying behaviour between movement 68 
restricting and free-farrowing environments has potential impact on the management of farrowing. 69 
Quantification of these effects, if possible, may also have implications for promoting uptake of 70 
higher welfare systems. 71 
Throughout this paper, we will refer to the combination of posture state and moving behaviours as 72 
“activities”, and the period in which a sow moves from one activity to another as “activity 73 
transitions”. It is the aim of this work to explore the potential for increasing activity transition 74 
classification accuracy through the use of multiple accelerometers and quantify improvement in the 75 
two farrowing systems. The methodology was applied to two salient applications that of farrowing 76 
prediction and comparison of maternal lying behaviour in movement restricting and free-farrowing 77 
systems. This allows us to demonstrate the applicability of the approach in scenarios that have 78 
practical significance. We hypothesised that the improvement in accuracy through the use of two 79 
sensors will be mainly in the alternative farrowing system. 80 
2 Materials and Methods 81 
2.1 Data collection 82 
2.1.1 Study animals 83 
Eight hybrid sows from the same batch at Newcastle University Cockle Park pig unit were used for 84 
assessment and moved to farrowing accommodation three days prior to the expected date of 85 
farrowing. The sows were between 2nd and 4th parity. They were housed in PigSAFE farrowing 86 
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environments1, providing them with freedom of movement throughout the farrowing process. A 87 
floor plan for the PigSAFE systems is shown in Figure 1. Motion data was collected from the sows for 88 
five days during which the sows were housed in the PigSAFE system. 89 
 90 
Figure 1. Floor plan of the free-farrowing (PigSAFE) pens. The sow is given room to move freely, as well as separate areas 91 
for dunging and feeding. Dedicated creep space is provided for the piglets and is fitted with a heat lamp (Cain et al., 2013). 92 
Used with permisison. 93 
 94 
2.1.2 Sensor protocol 95 
All procedures were approved by the Newcastle University Animal Welfare Ethics Review Board. Two 96 
Axivity AX3 logging triaxial accelerometers (Axivity, 2013) were secured to the sows using a 97 
combination of contact adhesive, and adhesive tape. Sensors were secured to the sows during their 98 
morning feeding and prior to moving to the farrowing environment. All sows were shaved and 99 
                                                            
1 https://www.freefarrowing.org/info/5/individual_farrowing_pens/1/pigsafe 
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cleaned in two locations: at the rear, just above the tail head and between the hip bones; and at the 100 
neck, halfway between the shoulder and the base of the skull, see Figure 2. Sensors were wrapped in 101 
duct tape to provide further protection should they become dislodged. A coating of Evo-Stik contact 102 
adhesive was applied in a 2cm patch around the sensor which was further secured with a layer of 103 
Scapa Sniper tape. Both sensors were aligned to ensure axes of measurement were consistent 104 
between sensors. The sensors were calibrated to collect data at 30Hz.  105 
 106 
Figure 2. Position of the Axivity AX3 sensors used to monitor acceleration of the front and back ends of the sow. Both 107 
sensors were securely attached to the sows using a combination of adhesive tape and contact adhesive; they were aligned 108 
to the same orientation to ensure consistent measurements. Modified with permission from (Thompson et al., 2016). 109 
2.1.3 Data annotation 110 
To provide ground truth data, each sow was filmed continuously throughout the study using two 111 
infrared CCTV cameras. Video was captured using GeoVision™ software. The cameras were placed to 112 
provide optimal coverage of the pen. Accelerometer data were first synchronised between the two 113 
sensors and subsequently synchronised to the video data, using established protocols (Plötz et al., 114 
2012). This involved clapping each of the sensors between the experimenter’s hands in view of the 115 
cameras in order to produce large spikes in the acceleration data that could be synchronised to the 116 
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gross movements performed on camera. In order to optimise the time-consuming process of data 117 
annotation, we limited the annotation to six hours per day per sow. This was broken into three 118 
hours from the morning (7-10am), and three hours in the evening (6-9pm). These hours were chosen 119 
to provide coverage of all of the behaviours we expected to see and covered a period in which the 120 
sow was fed, and subsequent resting period. The footage was annotated according to activity, 121 
transition occurrence and transition category. 122 
 123 
2.2 Lying behaviour assessment 124 
Assessment of the sow lying behaviour was conducted on two levels: 125 
1. Activity classification 126 
2. Transition detection, segmentation and classification of activity transitions 127 
Before this analysis could be conducted the data was cleaned and pre-processed to ensure that only 128 
data salient to the lying behaviour were included. 129 
2.2.1 Data pre-processing 130 
The data for each sow were then partitioned into short, overlapping frames of 1 seconds of data 131 
with an overlap of 0.8 seconds (24 samples). From these frames features describing the properties of 132 
the data were extracted. The features extracted were as follows (explanation below): 133 
1. Mean pitch;   134 
2. Mean roll; 135 
3. Mean magnitude of acceleration; 136 
4. Inverse Empirical Distribution Function (ECDF) coefficients; 137 
5. Peak absolute acceleration. 138 
The sensors record acceleration data in three spatial axes, hereon denoted as 𝑥, 𝑦, and 𝑧 within the 139 
range ± 8𝑔0 where 1𝑔0 is the magnitude of the gravitational pull of the Earth at sea level 140 
(−9.81𝑚𝑠−2). In order to calculate the pitch and roll of the sensors it was first required to estimate 141 
the static acceleration of the sensor, that is the acceleration caused solely by the gravity.  Given a 142 
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raw signal with each sample 𝑠 at each time point (𝑡) using a moving average filter, the static 143 
acceleration for each sample, 𝑔(𝑡), can be calculated as follows: 144 
 145 
𝒈(𝑡) = (𝑔𝑥  𝑔𝑦 𝑔𝑧)
𝑇
   with   𝑔𝑖(𝑡) =  𝛼 ∙ 𝒔𝑖(𝑡) −  (1 − 𝛼) ∙ 𝑔𝑖(𝑡 − 1);  𝑖 ∈ {𝑥, 𝑦, 𝑧} 146 
 147 
where 𝛼 is a weighting component used to vary the amount that the signal compensates for rapid 148 
changes in acceleration (Swikatek et al., 2013). 149 
Subsequently, we were able to calculate the pitch and roll of the sensor. These measures describe 150 
the orientation of the sensor in 3-dimensional space relative to the vector describing acceleration 151 
dude to gravity. Given the placement of the sensors as shown in FFigure 2, pitch, 𝑝 represents 152 
rotation around the mediolateral axis of the sow, and roll, 𝑟, represents rotation around the 153 
craniocaudal axis. Pitch was estimated using the formula: 154 
 155 
𝑝 = arctan (
𝑔𝑦
√𝑔𝑥2 + 𝑔𝑧2
) 156 
 157 
where 𝑝 ∈  ℝ: ] − 90 …  90[. Roll was estimated using the formula: 158 
 159 
𝑟 = arctan (
−𝑔𝑥
𝑔𝑧
) 160 
 161 
where 𝑟 ∈  ℝ: ] − 180 … 180[. 162 
The magnitude, 𝑚(𝑡), of each point of the signal describes the overall amount of acceleration 163 
experienced by the sensor, independent of the direction of the acceleration and is given by: 164 
 165 
𝑚(𝑡) =  √𝑥(𝑡)2 + 𝑦(𝑡)2 + 𝑧(𝑡)2 166 
 167 
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The ECDF coefficients provide a representation of the distribution of the sensor readings, reducing 168 
its dimensionality whilst preserving the essential information. The method for calculating these 169 
coefficients is presented in (Hammerla et al., 2013). 170 
The peak absolute acceleration describes the largest acceleration, either positive or negative, to 171 
occur in the signal, and was calculated as: 172 
max(𝑥(𝑡), 𝑦(𝑡), 𝑧(𝑡)) 173 
for all 𝑡 within the frame. 174 
2.2.2 Activity Classification 175 
Activity classification was performed through the use of a Support Vector Machine (SVM) classifier 176 
using a Radial Basis Function (RBF) kernel, trained on features extracted from the aforementioned 1-177 
second frames of data. The  SVM was selected in order to provide a direct comparison with a 178 
previous study (Thompson et al., 2016). Parameters of the SVM were optimised using standard 179 
sequential minimal optimisation and hyper-parameters were optimised using grid-search (Williams, 180 
2003). The classifier was trained and evaluated using a leave-one-subject-out approach, in which the 181 
classifier was trained on data from all but one of the sows and tested on the other. This was 182 
repeated using each sow in turn as the test case. This provides us with an indication of how the 183 
classifier would perform on data from a previously unseen sow. The classifier predicted activity for 184 
each of the 1 second frames based on the feature vectors described in the previous subsection. The 185 
activities classified were: Left lateral lie (LL), Right lateral lie (RL), Sternal lie (SL), Sitting (S), Standing 186 
(ST), Walking (W), and Feeding (F).  187 
A comparison between the use of a single sensor and two sensors was conducted by training optimal 188 
classifiers using: i) Front and rear sensor data, ii) front sensor only, and iii) rear sensor only. 189 
 190 
2.2.3 Transition detection, segmentation and classification 191 
Following activity classification, transitions between activities were identified. Initially the vector 192 
containing activity classification labels was smoothed to remove short period misclassifications. This 193 
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process involved identification of consecutive data frames in which activity classification is 194 
inconsistent. Given the short nature of some transitions three consecutive frames were assessed in 195 
order to avoid smoothing over short transitions. Where any three consecutive frames were not 196 
found to have the same classification, but the initial and final frame of the three were the same, the 197 
middle frame was reclassified to match the outer two.  Where all three frames were found to be 198 
different the subsequent frame was added to the assessment; if this was found to match the final 199 
frame of the previous three, the frame subsequent to that was added and if again found to match, 200 
the section is marked as containing a transition (see Figure 3 for a visual explanation of this process). 201 
Once stable activity classification had been achieved, the start and end of the transition were 202 
marked. The transition was then classified as being between the two stable activities either side of 203 
the transition. 204 
 205 
Figure 3 An illustration of the transition segmentation and classification process. Top – raw acceleration data describing a 206 
transition from one activity to another (Left Lie to Sternal Lie). Middle – a representation of the frame by frame labelling of 207 
the data according to activity; each box represents a frame of data, coloured and labelled according to activity as predicted 208 
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by the classifier. Labels included in this figure are LL: Left Lateral Lie, SL: Sternal Lie, W: Walking, F: Feeding, ST: Standing. 209 
Frames are staggered due to overlap of data within each frame. Bottom – The final segmented transition used for further 210 
analysis. 211 
Transition analysis 212 
2.2.3.1 Kinematic characteristic of activity transitions 213 
To perform analysis and comparison of lying behavior between sows, kinematic characteristics of the 214 
transitions were extracted from the segmented transitions. These features included: 215 
1. Duration of transition between activities 216 
o This was calculated from the end of the final frame of the previous posture to the 217 
start of the proceeding stable activity. 218 
2. Rate of change of pitch and roll in both sensors separately 219 
o The pitch and roll of the accelerometer data describing the transition were 220 
calculated as described in Section 2.2.1. The rate at which these values change 221 
through the duration of the transition is used to describe the smoothness of the 222 
activity transition. These values are calculated as the first derivative of the pitch and 223 
roll for both sensors separately.  224 
3. Rate of change of acceleration in both sensors separately (Jerk) 225 
o The rate of change of acceleration through the duration of the transition is 226 
calculated. This describes the smoothness with which the sow starts moving or 227 
comes to a halt. This is calculated for both sensors. 228 
4. Peak acceleration and deceleration of both sensors separately 229 
o The maximum and minimum values recorded by the sensor across all three axes. 230 
This is calculated for both sensors. 231 
5. Range of acceleration of both sensors separately 232 
o The difference between the maximum and minimum values across all three axes. 233 
6. Peak signal magnitude for both sensors combined 234 
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o The maximum value of the magnitude of the signal when both sensors are 235 
combined. Magnitude is calculated by 𝑚 = √𝑥1
2 + 𝑦1
2 + 𝑧1
2 + 𝑥2
2 + 𝑦2
2 + 𝑧2
2, 236 
considering all axes on both sensors. 237 
7. Peak difference between pitch and roll between sensors 238 
o The difference between the maximum absolute pitch and roll between both sensors. 239 
This describes the difference in the orientation of the two sensors, and consequently 240 
the front and back end of the sow. 241 
2.2.3.2 Comparison between restricted and free-farrowing sows 242 
An ex post comparison was performed between sows housed in movement restricting systems and 243 
those housed in the PigSAFE pens. The data set describing the lying behaviour of those sows 244 
confined to movement restricting systems was collected for a previous study (Thompson et al., 245 
2016). The sows in the restricted system study were six hybrid sows of either 2nd and 3rd parity, from 246 
the same stock of Newcastle Cockle Park pig unit used in the PigSAFE system. The sows were 247 
confined to farrowing crates for the period around the expected farrowing date and were fitted with 248 
a single sensor on the rear of the sow, see Figure 2. Transitions were segmented, and kinematic 249 
features were extracted. The data collection protocol was essentially the same as in the current 250 
study, with the exception of the attachment of the second sensor. 251 
To compare the transition characteristics of both sets of sows, a slightly modified feature set must 252 
be used from that described above. Features 1-5, taken from the rear sensor are common to both 253 
sets of sows and are therefore suitable for comparison. Similarly, due to the restricted movement 254 
imposed on the sows confined to farrowing crates, certain transitions are not exhibited by the sows. 255 
Consequently, only transitions between the postural states exhibited by both restricted and free-256 
farrowing sows were considered for analysis, these were standing, sitting, lateral lying on left and 257 
right, and sternal lying. 258 
Due to the variance between the size of the data sets, a random subsample of transitions was 259 
extracted for use in the analysis, to provide a balanced class distribution between data sets. 260 
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Comparison of the transition profiles of both sets of sows was performed using mixed-design 261 
ANOVA to determine the significance between groups on each of the transition features, with a 262 
between-group factor of farrowing environment and repeated measures of transition within sow. An 263 
𝛼 level of 0.05 was used to indicate significance. 264 
2.2.3.3 Prediction of the onset of farrowing 265 
Increased transition frequency was used to detect nest building behaviour as a predictor for the 266 
onset of farrowing (Cronin and Smith, 1992). Transition occurrence was measured across the full 267 
duration of the study. Transition frequency was calculated using a moving average of transition 268 
count per 3-hour period in increments of 12 minutes. Aparna et al. (2014) found that false warning 269 
periods on average lasted 0.7 hours, this two-hour period should eliminate false warnings due to 270 
normal exploratory behaviour. Baseline transition frequency was estimated per pig by calculating 271 
the median 3-hour transition count for the 24-hour period between 36 and 12 hours prior to the 272 
delivery of the first piglet. An increase in transition frequency of more than twice the baseline level 273 
for ten consecutive 3-hour timeframes was used to indicate nest building and the impending onset 274 
of farrowing. Due to the 12-minute increments this constitutes a period of 2-hour increased 275 
transition frequency. Further detections were not flagged until the transition frequency had dropped 276 
below this threshold for ten consecutive 3-hour windows.  277 
2.2.4 Evaluation and validation 278 
To evaluate the accuracy of the classifier trained on activity data for the sows, a leave-one-out 279 
approach was taken, in which the classifier was trained using labelled data from seven sows and 280 
tested on the data of the eighth. The mean of the evaluation measures across all eight experiments 281 
was taken and is reported, giving an indication of the classifiers ability to accurately predict sow 282 
activity given previously unseen data. Three standard metrics for classification accuracy were 283 
produced: precision, recall, and 𝐹1 score. Precision describes the fraction of frames labelled for each 284 
activity that were actually of that activity: 285 
 286 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃
𝑇𝑃 + 𝐹𝑃
 287 
 288 
where 𝑇𝑃 refers to the number of frames correctly classified, and 𝐹𝑃 refers to frames that were 289 
incorrectly labelled as the class under evaluation. Recall describes the proportion of frames of that 290 
activity that were correctly labelled: 291 
𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃
𝑇𝑃 + 𝐹𝑁
 292 
Where 𝐹𝑁 refers to the number of frames of that activity that were not correctly identified. The 𝐹1 293 
score describes the harmonic mean of the precision and recall and can be used to summarise the 294 
two: 295 
𝐹1 = 2 (
𝑟𝑒𝑐𝑎𝑙𝑙 ×  𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
𝑟𝑒𝑐𝑎𝑙𝑙 + 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
) 296 
To assess the overall performance of the classifier the 𝐹1 score was calculated for all activity 297 
classifications and the mean is reported.  298 
The detection, segmentation and classification process outputs a 2-dimensional vector describing 299 
each transition in terms of start-time, end-time, and classification. An event-based evaluation was 300 
performed to determine the precision and recall of the classification, relying on true positive (TP), 301 
false positive (FP) and false negative (FN) rates. These metrics are combined to calculate the 𝐹1 302 
score. In addition, to provide comparison to other studies in the scientific literature, we report the 303 
fraction of correctly classified transitions, often described simply as the accuracy of the classifier: 304 
𝐴 =
𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 305 
Validation of the prediction of the onset of farrowing was performed retrospectively by reporting 306 
the mean difference between the last time activity passed the predetermined threshold before 307 
farrowing commenced and actual time of farrowing.  False predictions were defined as any 308 
detection of increased activity other than the detection that occurs closest to the onset of farrowing. 309 
False detection rates were reported to provide an indication of when the system might fail. 310 
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3 Results 311 
3.1 Lying behaviour assessment 312 
3.1.1 Activity classification 313 
Given 5 frames of data per second for 6 hours per day, for all 8 pigs on each of 5 days there were a 314 
total of 4,320,000 frames of activity data to be classified.  Using a leave-one-pig-out cross validation 315 
technique the 𝐹1 scores for the three sensor setups are described in Table 1.  For all behaviours 𝐹1 316 
scores were higher when two sensors were used as opposed to one. Mean 𝐹1 scores were taken 317 
from classifier results from all 8 subjects. Mean 𝐹1 score for the combined front and rear sensor 318 
setup was 0.84, whilst mean 𝐹1 for the front and rear sensors alone were 0.49 and 0.57 respectively. 319 
Classifications from the dual sensor setup were high across the board, with the exception of Feeding. 320 
The front sensor setup produced comparably higher 𝐹1 scores for the lying activities, however there 321 
was considerable misclassification between Standing, Sitting, Walking and Feeding activities in which 322 
the sows exhibited more independent movement of the head. The rear sensor setup produced high 323 
𝐹1 scores for the lateral lies; however, it produced lower results for Standing, Sternal Lie and 324 
Walking, in which the sensor is in essentially the same orientation for all activities. Analysis of the 325 
rear sensor data also produced significant confusion between Feeding and Standing. 326 
 327 
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Table 1 Mean 𝐹1 scores (a measure of predictive performance for classification accuracy, ranging between 0 and 1) for each 328 
activity class under different sensor setups for 8 sows housed in a free-farrowing environment. Classification was performed 329 
on 6 hours of data from each of 5 days, totalling 240 hours.  330 
Sensors Standing Sitting 
Left 
Lateral Lie 
Right 
Lateral Lie Sternal Lie Walking Feeding Mean 
Front and Rear 0.77 0.96 0.98 0.97 0.78 0.84 0.60 0.84 
Front only 0.41 0.35 0.74 0.77 0.39 0.31 0.48 0.49 
Rear only 0.57 0.42 0.86 0.91 0.48 0.52 0.26 0.57 
3.1.2 Transition classification 331 
In the 240 hours of annotated video there was a total of 481 transitions. Having identified the dual 332 
sensor setup as the most accurate based on the activity classification results (see Section 3.1.1), the 333 
generated postural labels were used to perform the transition classification. An overview of the 334 
transitions present in the data set can be seen in Table 2. The mean 𝐹1 score for transition 335 
classification was 0.77. Transition classification suffered where the postural classification that was 336 
used had lower accuracy, as can be seen in transitions involving standing activities. Transitions to a 337 
right lateral lie were also notably low.  338 
Table 2 Mean 𝐹1 scores (a measure of predictive performance for classification accuracy, ranging between 0 and 1) for 339 
transition classification for all transitions included in the dataset. Transitions that were not exhibited during the period 340 
annotated are marked with a dash. Activities transitioned from are listed vertically, activities transitioned to are listed 341 
horizontally. 342 
From\To Sit Stand Left Lie Right Lie Sternal Lie Walk Feed 
Sit - 0.81 0.92 0.45 0.98 0.66 - 
Stand 0.71 - 0.6 0.54 0.84 0.78 0.88 
Left Lie 0.87 0.62 - 0.52 0.9 - - 
Right Lie 0.96 0.66 0.46 - 0.93 - - 
Sternal Lie 0.72 0.78 0.86 0.92 - 0.85 - 
Walk 0.58 0.72 - - 0.59 - 0.96 
Feed - 0.92 - - - 0.98 - 
 343 
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3.1.3 Comparison of lying behaviour between movement restricted and free farrowing 344 
sows 345 
The output of the mixed-design ANOVA to quantify the difference in transition features between 346 
movement restricted and free-farrowing sows are shown in Table 3. 347 
 348 
Table 3 Output of Mixed-design ANOVA for transition features between restricted and free farrowing (PigSAFE) housed 349 
sows during the period around farrowing. Mean square errors, the F test statistic with 1 degree of freedom between group 350 
and 12 degrees of freedom within group and significance values are reported. Effects that exhibit statistical significance at 351 
the 𝛼 = 0.05 level are marked with an asterisk. 352 
Transition Feature Mean 
restricted 
Mean 
PigSAFE 
F(1, 12) p 
Duration 11.99 9.62 13.52 0.003* 
Maximum Acceleration 0.20 0.27 10.47 0.007* 
Range of Acceleration 2.87 2.76 0.435 0.522 
Jerk 0.00018 0.00024 1.051 0.326 
Rate of Change of Roll 0.037 0.202 2.051 0.178 
Rate of Change of Pitch 0.039 0.331 9.523 0.009* 
. 353 
The ANOVA revealed a main effect of farrowing environment on transition duration (𝑝 = 0.003), 354 
peak acceleration (𝑝 = 0.007), and rate of change in pitch (𝑝 = 0.009), whereas Range of 355 
Acceleration, Jerk and Rate of change of roll showed no significant effect of farrowing environment. 356 
Mean values for each of the transition features are also shown in Table 3, and show that restricted 357 
sows exhibited significantly longer transition durations, lower peak accelerations and decreased rate 358 
of change of pitch during transitions. 359 
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3.1.4 Farrowing prediction through nest building detection 360 
Nest building detection as an indicator of start of farrowing was performed on the 8 sows in the 361 
free-farrowing environments, by identification of increased activity transitions which had been 362 
shown to precede farrowing in a previous study (Thompson et al., 2016). Nest building detections 363 
were marked where activity transition frequency exceeded a threshold based on baseline data. The 364 
mean time between the final threshold passing event and the onset of farrowing was 11.1 ± 4.65 365 
hours. Using this method, the algorithm predicted the onset of farrowing within 8 hours for 4 of the 366 
sows – sows 2, 4, 6 and 8. Nest building was detected in the other four sows between 10 and 17 367 
hours before the actual farrowing began. The algorithm incorrectly detected nest building activity 368 
for 5 sows, registering increased transition frequency above the threshold, more than once before 369 
farrowing commenced. Detections were determined to be incorrect if registered prior to a 370 
subsequent detection and before the onset of farrowing. Data from 4 sows produced only a single 371 
activity transition frequency threshold passing event prior to the onset of farrowing. A visualisation 372 
of the nest building detection can be seen in Figure 4. Farrowing was predicted prematurely in 373 
several cases due to increased activity immediately following rehousing (Sows 6, 7 and 8). 374 
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 375 
Figure 4 Transition Frequencies for all sows around the period of farrowing, including false alarms. The solid black line represents the point at which the first piglet is born. Dashed red lines 376 
represent detections of nest building behaviour indicating the onset of farrowing based on increased transition frequency (twice the activity transition frequency of the median for the 24-hour 377 
period between 36 and 12 hours prior to the birth of the first piglet in the PigSAFE environment). Charts are scaled on the horizontal axis to include the periods containing farrowing and 378 
threshold passing events.379 
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4 Discussion 380 
Whilst alternative farrowing accommodation is currently only employed for a relatively small 381 
proportion of farrowing sows within the pig industry, this is set to increase due to increasing 382 
concerns over sow welfare (Edwards et al., 2012). The advantages of being able to quantify sow lying 383 
behaviour have been explored in movement-restricted sows in a previous work (Thompson et al., 384 
2016). There we showed that lying behaviour assessment has the potential to identify sows with a 385 
predisposition to posture changes that present a risk to new-born piglets and may be able to provide 386 
early warnings of the onset of farrowing. In the current work, we set out to explore the challenges 387 
presented by activity recognition and activity transition assessment in free-farrowing sows. We 388 
hypothesised that, due to the increased range of movement, the activity and transition classification 389 
challenge would be more complex, and as a result accuracy would suffer. We identified the use of an 390 
additional sensor to the sow as a potential approach to improve the reliability of the predictions. 391 
In our previous work (Thompson et al., 2016), we employed a single sensor to record sow 392 
movement. The motivation for the use of a single sensor at the hind end of the sow was to measure 393 
acceleration originating from the point at which the largest forces would be brought to bear, when 394 
the sow changed postural states, in particular when the sow performed posture changes considered 395 
to be more dangerous to the new born piglets (Blackshaw and Hagelsø, 1990). Whilst this was found 396 
to be appropriate in monitoring behaviour, certain postures suffered from poor classification 397 
accuracy arising from the single point of measurement, namely sitting, sternal lying and standing. In 398 
this study, we have not only addressed this, but have also been able to quantify the improvement. 399 
We performed three experiments in which we drew comparisons between the number of sensors 400 
used and the location at which they were affixed to the sow. Using a single sensor on the hind end of 401 
restricted sows, posture classification algorithms produced a mean 𝐹1 score across five postures of 402 
0.78 (Thompson et al., 2016). In the present study, we conducted the same assessment on free-403 
farrowing sows, now with a total of seven activities under assessment (the five original postures 404 
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with the addition of feeding and walking), which is reflected in the algorithm mean 𝐹1 score of only 405 
0.57. Performing the classification on data recorded from a single sensor affixed to the front end of 406 
the sow, we achieved an even lower mean 𝐹1 score of 0.49. This reduction in accuracy is not 407 
surprising given the similarity of the postures when considered from the perspective of the front end 408 
of the sow. However, when using a front-end sensor in addition to a rear-end sensor a much higher 409 
𝐹1 score of 0.84 was achieved, an outcome which was consistent with our hypothesis.  410 
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We set out to implement the activity and transition classification algorithms in movement restricted 412 
and free-housed sows in order to ascertain the improved accuracy that was achieved. We aimed 413 
specifically to draw a comparison between the lying behaviour of restricted and of free-farrowing 414 
sows. Extensive research has been conducted into the effect of the farrowing environment on 415 
maternal behaviour, using traditional methods of assessment, such as manual observation (Baxter et 416 
al., 2011; Cronin and Smith, 1992; Hansen et al., 2017; Rodenburg et al., 2010). More recently, work 417 
has been conducted in an attempt to quantify these differences. Pastell et al., (2013) aimed to 418 
predict farrowing in both restricted and free-farrowing sows using collar worn accelerometers, and 419 
found that the overall activity level of restricted sows is lower than that of free housed sows. The 420 
authors were unable to determine what the cause for this difference was, however, it was suggested 421 
that ability to exercise nesting behaviours could be responsible. We have assessed the difference 422 
between transition features between movement restricted and free-farrowing sows. Whilst several 423 
features showed no significant difference between the systems, we found that in the restricted sows 424 
transition duration was longer, whilst peak acceleration and rate of change of pitch were lower. 425 
These three factors describe a more controlled transition profile, which is to be expected, as sow 426 
speed of movement is restricted by the confines of the farrowing environment. This indicates that 427 
restricting sow movement is an appropriate way to ensure more controlled and potentially less 428 
dangerous lying behaviour. Whilst this is important for the reduction of piglet mortality, it comes at 429 
the cost of the sow ability to freely express natural behaviour, including pre-lying behaviour which 430 
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has been shown to reduce crushing behaviours as the sow gathers the litter away from where she 431 
intends to lie (Damm et al., 2005). By using the methodology described above to identify sows 432 
whose lying behaviour was not significantly affected in this way by movement restriction, it could be 433 
possible to highlight them as suitable for free-farrowing. This would however require a significant 434 
amount of research into how we define “good” lying behaviour.  435 
We also aimed to apply the dual sensor algorithm to farrowing prediction in free farrowing sows. 436 
Generally, the onset of farrowing is predicted by identifying increases in activity, assumed to be 437 
caused by the expression of nesting behaviour (Cornou and Lundbye-Christensen, 2012; Oczak et al., 438 
2015; Oliviero et al., 2008; Pastell et al., 2016). We have employed a similar technique in this work, 439 
however rather than generic activity, we considered postural changes as an indicator that 440 
commencement of farrowing is imminent (Thompson et al., 2016).  The implementation of any 441 
farrowing prediction system must be able to run in real time and give an actionable call to 442 
intervention, if it is to be of practical use. Current efforts towards farrowing prediction still have a 443 
long lead time to farrowing, with peak activities being found between 4 and 8 hours prior to 444 
farrowing (Pastell et al., 2016) and nest building activity beginning several hours prior to this peak. 445 
Similarly, in this work we have found the increase in transition frequency to commence between 3 446 
and 17 hours prior to farrowing. Whilst this allows for the raising of alarms, the delay until farrowing 447 
is still too long to be of specific use as a method for prompting intervention. The process used also is 448 
prone to false detections. Particular bouts of high activity were misclassified as commencement of 449 
nest-building activity. The choice of baseline activity levels used to calculate the threshold by which 450 
we mark a nesting behaviour point has impact on the success of the detection algorithm. Initially we 451 
used the first 24 hours during which the sow was housed in the PigSAFE pens, however, we found 452 
this created elevated baselines due to the initial exploratory behaviour displayed by the sows in 453 
response to the new environment. By altering this baseline period to cover a more stable period (12-454 
36 hours prior to the birth of the first piglet), in conjunction with increasing the duration of 455 
sustained activity require to trigger a detection, we reduced the number of false alarms. A real-456 
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world implementation of a system like this would certainly benefit from further analysis of an 457 
appropriate baseline period. Oczak et al., (2015) used the increase in activity to trigger alarms every 458 
2 hours, thus introducing an expectation of false alarms, until activity falls below a threshold, 459 
allowing for continuous updating on the status of the farrowing process. Using a combination of 460 
video recorded activity levels and water intake Udupi et al. were able to provide a coherent warning 461 
that farrowing was due to commence within 12 hours in 97% of their test cases. It was found that 462 
misdetections lasted on average 0.7 hours (Aparna et al., 2014).  Given the nature of sow behaviour 463 
prior to farrowing, improvements in time to farrowing prediction will likely require a significantly 464 
different approach. The increased freedom of movement afforded to sows through the use of 465 
alternative free-farrowing environments like PigSAFE also introduces a degree of uncertainty in the 466 
interpretation of sow pre-farrowing behaviour. As the sow is more able to exhibit rooting and 467 
exploratory behaviours, there is the potential for premature prediction of farrowing when using an 468 
activity-based method. This has been shown to be the case in this study and in the literature. 469 
Additional input of automatically generated biometric data, such as body temperature and heart 470 
rate could almost certainly aid in reducing this.  The introduction of additional sensors, whether an 471 
extra accelerometer, as in this study, or biometric sensor, is bound to reduce the feasibility of 472 
practical applications. In an exploratory capacity, this should not act as a deterrent to 473 
experimentation however. Certainly prior to large-scale, on-farm deployments considerations of cost 474 
and effort required to install systems such as this, and those describe in the literature, must be 475 
made. 476 
5 Conclusion 477 
We present a novel approach to classification of activity and activity transitions in farrowing sows, 478 
and assess the efficacy of various sensor placements and numbers. We found that through the use 479 
of multiple sensors we were able to achieve higher levels of accuracy for activity classification, and 480 
that if only a single sensor is to be used, it is better placed at the rear of the sow, rather than at the 481 
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head end. We drew comparisons between movement-restricted and free-housed sows, 482 
demonstrating that movement-restricted sows exhibit signs of increased control during activity 483 
transitions, which could be a factor contributing to the reduced mortality of piglets to sows housed 484 
in movement-restricting environments. We implemented an approach to farrowing prediction based 485 
on transition frequency indicative of nest building and are able to predict the onset of farrowing 486 
with an average accuracy of approximately 10 hours. The methods presented in this paper could be 487 
exploited to assess the maternal behaviour of a much larger number of sows and could provide an 488 
approach to refining the selection of sows to be housed in either free-farrowing pens or farrowing 489 
crates. 490 
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